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Introduction
Inequality has in recent years become a key economic and social policy concern. Researchers have documented rising top income and wealth shares, people have protested in the streets about rising differences in income levels, and researchers and policymakers alike have started increasingly to worry about the potential negative consequences of inequality on social distress and economic performance.
Much of the discussion is quite vague about what type of inequality is being debated. Top income shares, for example, refer to market income (or factor income) inequality, whereas what should matter the most for welfare analysis is net income inequality (inequality of disposable income or even consumption inequality). This brings us to the centre stage the role of redistribution: the differences between market and net income inequality that stem from the effects of government fiscal policies, taxes and benefits. Much less is known about redistribution in the world than inequality in the world. This is regrettable since redistributive policies are actually the only direct and quick policy instrument that governments can use to try to curb disposable income inequality. 1 One key study, which also received a lot of media attention, 2 dealing with redistribution is Ostry, Berg, and Tsangarides (2014) . In that paper the authors use the cross-country panel SWIID data to test whether inequality and redistributive actions by governments actually hamper growth (for information about the SWIID, see Solt 2013) . This would be the case if the well-known efficiency-equity trade off were true at the macro level. They find that disposable income inequality is negatively associated with future growth, whereas redistribution (the difference between gross and net inequality) is not. This suggests that the efficiency-equity trade-off would not seem to hold.
One problem with the Ostry, Berg, and Tsangarides (2014) study, which the authors duly acknowledge themselves when cautioning against drawing strong policy recommendations from their work, is quality of the income inequality data they use. In developing countries, in particular, household surveys that are used to measure living standards are only undertaken approximately once every five to ten years, and for many years, there is no data on inequality for these countries. Also, often only one type of inequality measure is available. In the poorest countries, inequality typically refers to consumption inequality. Often, nothing is known about redistribution, which is the key variable that the Ostry, Berg, and Tsangarides (2014) analysis requires. The SWIID database (see Solt 2009 Solt , 2013 is an attempt to remedy the data-sparseness problem. The data are based on extensive imputations, where observations from the same countries in other years and other countries in the same year are used to impute both gross and net inequality indices for countries without the required data in a particular year. However, others have been very critical of the extensive use of imputations in general and the particular type of imputations the SWIID uses, and caution against using the dataset in econometric work (see Jenkins 2015a, and Ferreira, Lustig, and Teles 2015) . They recommend using the WIID dataset, compiled and maintained by UNU-WIDER, instead. This paper has three main goals. First, we explore how much actual, rather than simulated, data there are about redistribution at the country level. For this purpose, we utilize the WIID dataset. We also describe the extent and trends in redistribution. A key finding related to the first goal of the paper is that there are surprisingly and unfortunately few observations on redistribution. Second, using as much data that is reliable as possible, the paper examines what drives redistribution by examining the determinants of it using cross-country regression techniques. And third, the paper looks at a key potential consequence of redistribution, on growth.
Two main features characterize our approach. We take the data issues in cross-country analysis of inequality and redistribution seriously, as was strongly recommended by Atkinson and Brandolini (2001) , and work with real, comparable observations, rather than imputations. Likewise, we tackle some of the econometric challenges that the earlier work on the determinants of redistribution has not addressed. In particular, we discuss the possible problems that arise from having the same variablemarket income inequality in the redistribution measure which is the difference between market and net income inequality -as a left-hand side variable and as a right-hand side variable -where it is sometimes called inherent inequality. That is, we explore the consequences for estimation of the mechanical correlation of having the same variable on both sides of the regression equation.
Finally, a key part of the paper is to replicate the analysis of Ostry, Berg, and Tsangarides (2014) using the WIID instead of the SWIID data. It turns out that using actual rather than imputed data leads to different results regarding the impact of inequality on growth. But perhaps the main lesson is that when doing so, the sample size is radically reduced, and therefore it is very likely that we do not (at least yet) have the data available that one would need to carry out the analysis they set out to accomplish.
The paper proceeds as follows. Section 2 discusses the earlier literature on the determinants of inequality and some of the relevant work from the wide body of research on the impacts of inequality on growth. It also briefly summarizes the approach and key results from the Ostry, Berg, and Tsangarides (2014) study. Section 3 presents the data we use. We especially discuss the merits of using real rather than imputed data on inequality and redistribution. Section 4 discusses our econometric approach and the drawbacks in some of the earlier research that deals with factors explaining redistribution. Section 5 presents the results on the determinants of redistribution. It also replicates the results from the replication of the Ostry, Berg, and Tsangarides (2014) analysis. Section 6 concludes.
Literature review
Two sets of research work lay the analytical framework for thinking about income inequality and redistribution. One is provided by the Mirrlees (1971) optimal taxation theory and another by the median voter theory of Meltzer and Richard (1981) . The analysis in Mirrlees bases on the redistributive preferences of society and highlights the classic trade-off in taxation between equality and efficiency, whereas Meltzer and Richard focus on the political process determining the level of redistribution.
Much of the empirical literature on the determinants of redistribution is focused on testing the median income voter theory. Meltzer and Richard develop a labour income tax model, in which individuals differ by their productivity and are provided lump-sum transfers financed by a flat rate tax. With a majority voting rule (and a hundred percent voter turnout) the tax rate, and consequently the extent of redistribution, is chosen by the median income voter. The authors show that as income inequality (measured by the difference between mean and median income) increases, the extent of redistribution voted for by the median-income voter increases.
These theories are usually tested 3 by regressing a measure of redistribution on a gross-income inequality measure and control variables. Redistribution is in most cases operationalized as the difference between the market income and net income Ginis, but changes in pre-and post-redistribution income shares of income decile groups as well as social expenditure are also used. In most cases, authors estimate fixed-effects models using country-level panel data. The literature has brought two main conclusions. First, Tuomala and Tanninen (2005) , Scervini (2012) among others find that pre-redistribution income inequality leads to increased redistribution, suggesting that there is more demand or scope for redistribution in more unequal societies. The result emerges especially strongly from studies that use direct measures of redistribution (such as the difference between the pre-and post-redistribution Ginis) as opposed to more indirect measures (such as social expenditure that measures the extent of total government expenditure, not only redistributive efforts) as a measure of redistribution. Second, the median income voter theory is rejected, as the median-income voter does not seem to hold a special role in decision making.
Another focal point of the inequality discussion is its effects on economic growth. It is often argued that equality-enhancing policies distort incentives, and are harmful for growth (Okun 1975) . Alesina and Rodrik (1994) , Bertola (1993) , Perotti (1993) , Persson and Tabellini (1994) argue that a high market income inequality causes redistributive policies, which are detrimental for growth. Income inequality can also promote growth if investment is curtailed by low level of income or wealth and there are growth enhancing externalities with investment. In that case, higher inequality allow the rich to accumulate a minimum amount of capital to invest growth enhancing activities (Barro 2000; Perotti 1993 ). On the other hand, inequality may deprive the poor of their ability to enhance their health or educate themselves, especially in the presence of credit constraints (Garcia-Penalosa, Caroli, and Aghion 1999). Income inequality may also cause socio-political conditions that are not conducive of growth (Alesina and Perotti 1996; Rodrik 1999) .
Much of the empirical literature finds that inequality, in the medium term, hampers growth (Alesina and Rodrik 1994; Ostry, Berg, and Tsangarides 2014; Perotti 1996; Persson and Tabellini 1994) . In addition to inequality, (Ostry, Berg, and Tsangarides 2014) consider also effects of redistribution on growth. Studying medium-term growth, they use SWIID Solt (2013) data with Generalized Method of Moments (GMM) estimation framework, and find that inequality hampers economic growth while there are no effects from redistribution on growth. SWIID data, however, contain a large number of imputed data points, which is a cause of concenrn when interpreting the results. To see if their results prevail, we replicate their estimations with WIID data, where all observations come from actual income inequality surveys.
Data
The source of our inequality data is the World Income Inequality Database, the WIID, version 3.3 (UNU-WIDER 2015), 4 is secondary database for income inequality data. Aim of the WIID is to gather data for as many countries and years as possible, while documenting backgroud information for data thoroughly. Depending on data source income inequality data differs from income and population concepts, sample sizes and statistical methods used. The background information helps database users to compare observations from different original sources for their statistical concepts and overall validity for research question in hand. Atkinson and Brandolini (2001) , in their review and assessment of crosscountry inequality analysis, pointed out that it is necessary to know to what type of inequality measures the indices refer to, and the WIID has been developed with this requirement in mind. The WIID also has a quality rating of the reported Gini indices.
The WIID data was assessed recently by Jenkins (2015b) . He came to the conclusion that the WIID is a reliable source for cross-country work on inequality. He, and the authors of a synthesis chapter for the datasets reviewed (Ferreira, Lustig, and Teles 2015) , both recommend using the WIID rather than the SWIID. 5 . The main reason for preferring the WIID over the SWIID is that the SWIID is entirely based on imputations, whereas with the WIID, users utilize only actual, not simulated, data. Moreover, Jenkins (2015b) is critical of the particular type of imputations used in the SWIID, which are in his opinion remarkably complicated and opaque. Assuming constancy of ratios of Gini coefficients across data series within groups is not an innocuous assumption, and the smoothing of the series used may be excessive. Jenkins concludes that the SWIID implementation of imputation is not sufficiently credible.
Jenkins (2015b) also insists that users of the WIID make clear the algorithm they use for selecting the data. This is required as the data set has multiple observations for each country and year. We follow this recommendation and explain in detail the type of data selection mechanism used for our analysis in Appendix 6. The gist of the design is to calculate redistribution either as a difference between gross and net income inequality, or if this measure is not available, as a difference between gross income and consumption inequality. When doing so, we prefer high quality observations to lower quality observations and estimates covering the entire population and the whole country.
As inequality data for developing countries are only available for selected years, we take five-year averages (using all possible observations within that window), first five-year period being 1976-1980. Often the latest period is 2006-2010.
The rest of the data we use come from conventional sources. Data on GDP per capita, population and openness (share of exports plus imports of GDP) are from the World Bank World Development Indicators (2016) (WDI). In addition to the usual macroeconomic variables, we control for political and institutional factors. Regarding to electoral and governmental institutions, we include dummies for federal government system and plural electoral system. The latter refers to electoral systems in which voters cast a vote for a single candidate within a voting district, and the candidate who gets most votes wins the district. Data sources for the federal dummy is the International Monetary Fund and for the plurality dummy the Database of Political Institutions (Beck et al. 2001 ). We also consider the level of democracy or autocracy using the Polity2 variable from PolityIV project. The variable takes incremental values between −10 and 10, with −10 referring the most autocratic form and government and 10 the most democratic government. We control for ethnic fractionalization with the Alesina et al. (2003) index which takes higher values for higher fractionalization. Lastly, we include a commodity export dummy for countries which have had average net exports of fuels, ores, or agricultural products more than 10 percent of GDP over the 1990s and 2000s. The source for the trade data is the WDI.
We present next descriptive material regarding the data on redistribution and recent trends in redistributive policies. Figure 1 shows how many observations on redistribution there are using five-year averaged data for the largest set of observations. It is already clear from this graph that the great majority of observations originate from high-income countries and hence examining redistribution in developing countries alone is challenging because of the paucity of data. Figure 2 shows how the extent of redistribution is the highest in European countries, whereas the level is fairly low in many developing regions, including Asia. The limited availability of data needs to be kept in mind when interpreting the figure, however.
Models and methods
Studies that examine what drives redistribution typically regress either the reduction or the relative reduction in the Gini coefficient on moving from pre-to post-tax, post-transfer income. That is, re-5 Recall that Ostry, Berg, and Tsangarides (2014) searchers estimate a version of either (or both) of the regression equations
where G is the Gini coefficient with pre and post denoting market and disposable income, z is a vector of controls, u, v are error terms, and the unstarred and starred α, β, δ are parameters to be estimated. The indices indicate country i and time period t. The main objects of interest are β, β * , which capture the extent to which redistribution varies with market income inequality, although several elements of δ, δ * may also be of interest.
The inclusion of G pre on both the left and right hands sides of the regression equations lead to several problems, however. Let us start with equation 1, which accounts for the (absolute) reduction in inequality. Ignoring, for now, the controls z, the intercept, and suppressing the indices, the linear projection of G pre − G post on G pre , i.e., Figure 2 The extent of absolute redistibution in different areas.
where b is the linear projection of G post on G pre . Why is estimation of β from equation 1 a problem? Arguably, for at least two reasons. First, suppose there is no true association of market inequality with disposable income inequality; i.e., that b is zero. Then the estimate of β is unity, which tells us nothing about the association of market income inequality and redistribution. However, even if pre and post inequality are related (i.e., b = 0), inclusion of pre inequality on both the left and right hand sides leads to a serious endogeneity problem; i.e., by construction, u and G pre are correlated. The simple solution to this problem is to estimate the linear projection of post on pre inequality, b, in a regression equation that also includes the controls z and work out the β this implies.
While all normal concerns about drawing causal inference apply, there is an additional, potential problem which needs to be treated with caution. Namely, the Gini coefficient is the expected mean difference divided by mean income (times two),
To simplify exposition, suppose you regress the natural logarithm of the Gini on the ln of mean income,
This ends up reproducing the mechanical association endogeneity problem described above. While mean disposable income is usually not one of the controls included in z, GDP per capita, which is closely linked to mean market income, usually is. We believe that this problem also is mitigated by the estimation of β from the the linear projection of post on pre inequality and control variables, because the association of disposable income with GDP per capita is less than that of market income. What about relative redistribution, i.e., estimation of equation 2? Again, ignoring controls, the intercept and indices, the coefficient of interest is
The numerator of this can be re-written as
where C involves products of the sample averages of the pre and post Ginis. Thus, the object of interest is
Direct estimation of this from equation 2 is problematic because the dependent variable involves the inverse of the main right-hand-side variable. We propose, instead, that the importance of market income inequality for relative redistribution be calculated by
where G pre is the sample average of market income inequality and b is the linear projection coefficient discussed above.
Results

Determinants of redistribution
We first present the regression results which follow the conventional analysis of the determinants of redistribution. That is, we explain either absolute redistribution or relative redistribution by market income inequality and covariates. Absolute redistribution is measured as difference between market and disposable income Ginis. As there are only few market income Gini observations for middle-and lower-income countries, we use the gross income Gini as a proxy for the market income Gini. Relative redistribution is defined absolute redistribution divided by market income gini. In constructing the variable, we again use gross income Gini data for middle-and lower-income countries. One of the key interests is to examine the impact of underlying gross inequality on redistribution. Table 1 presents these results. The dependent variable in Columns 1 and 2 is absolute redistribution; relative redistribution is examined in Columns 3 and 4. All models include time period dummies, and Columns 2 and 4 also include country fixed effects. The models without country fixed effects suggest that income level is, as expected, closely positively linked to redistribution. Also countries with a greater population tend to redistribute less. In line with previous findings, countries which are ethnically divided have a lower desire to redistribute 6 Countries with plural electoral system or commodity exports redistribute less. Somewhat unexpectedly, more democratic also appear to have lower redistribution. With the fixed effect models, most of the political and institutional variables are dropped out due to lack of within-country variation. With the fixed effects model, income level or population is no longer a statistically significant determinant of redistribution. Underlying or inherent inequality is positively linked with greater redistribution. This finding is, loosely speaking, in line with political economy models (such as the median voter theorem), although one needs to bear in mind the caveats raised by Milanovic (2000) , discussed in Section 2. This observation is also in line with the optimal tax tradition, initiated by Mirrlees (1971) . There, redistribution at the optimum is increasing with increased pre-tax inequality. 6 We also ran models without African countries to see whether the large extent of ethnic heterogeneity there explains this result. However, the negative impact of ethnic heterogeneity also holds for the sample without the African countries.
These results should be interpreted cautiously because of potential endogeneity concerns. It is certainly possible that redistribution also affects some of the right-hand side variables. For example, if the efficiency-equity trade off were to hold, the level of GDP per capita would be dependent on the extent of redistribution. To address these concerns, we also run models where all the right-hand side variables are lagged by one period. This is, admittedly, partly problematic as it further reduces the sample size.
The result from using the lagged values are presented in Table 2 . For comparability reasons, we also present results, in Table 3 , from the previous regression (with contemporaneous right-hand side variables), but with the same sample as in Table 2 . In these regressions, ethnic heterogeneity, and to some extent democracy, are no longer positively linked with redistribution, as was the case for the full sample. However, as this observation is true regarding the results in both Tables 2 and 3 , it seems to driven by the data availability rather than possible endogeneity concerns. In the results of regressions without country dummies in both Table 2 and 3, the positive impact of income and the negative impact of commodity exporting and greater majoritarianism remain valid. 7 All in all, this further analysis tends to suggest that endogeneity with respect to other determinants apart from the market income Gini is unlikely to be a major concern in these analyses.
Finally, in Table 4 we report the results from a regression where instead of redistribution, the dependent variable is our concept of net Gini (net income or consumption). Column 1 reports results from pooled OLS and Column 2 from country fixed effects regression. The results suggest that net income inequality is driven to a high extent by gross income inequality. The coefficient for the gross income inequality, b can be used to derive the implied coefficient on redistribution, as shown in the previous section. This term, which is 1 − b, is also reported in the Table (see 'Implied abs beta') and is reasonably close to the results reported for the gross income Gini term in Table 1 . This means that in this case, perhaps by chance, the mechanical correlation present in the redistribution equation did not cause a large bias. However, the bias appears to be much larger in the implied elasticity of relative beta. This can be seen by comparing the 'Implied rel beta' terms in Table 4 with the coefficient of Gross income Gini in Columns 3 and 4 of Table 1. A concern when using data on Gini coefficients from many different sources is that the incomes on which the Gini are estimated use several different equivalence scales to account for household economies of scale. In our sample, roughly in one third of the cases income use a per capita scale, an actual household adult equivalence scale, or use no adjustment, respectively. It is plausible this affects the Gini estimates. To control for this source of variation in the Ginis, we estimate the fixed effects models of Tables 1 and 4 with data in which the same equivalence scale is used within each country. This reduces sample sizes by ten to fifteen percent, which reflects the fact that most of the full data has already set the equivalence scale for each country. The results, which are available on request, do not substantially change.
As a further robustness check, we also estimate the OLS models of Tables 1 and 4 including continent dummies to control for regional differences in redistributive preferences. The results, which are available upon request, show that the coefficient estimates on population, ethnic fractionalization and plurality are cease to be statistically significant. The gross income Gini, however, still increases redistribution in a statistically significant manner. 
Inequality, redistribution and growth
Next we replicate the analysis of Ostry, Berg, and Tsangarides (2014) with WIID data. They study determinants of medium-term aggregate growth, and their main finding is that income inequality decreases growth whereas redistribution does not affect the growth. For income inequality and redistribution they use SWIID data that contains a substantial number of imputed Gini observations. We examine whether the main results of their study prevail with WIID data. 8 Table 5 presents the results of a model in which five-year average redistribution is regressed on five-year averages of the net income Ginis, the natural logarithm of GDP per capita, and time period dummies (Ostry, Berg, and Tsangarides 2014, Table 2 ). Redistribution is defined, as above, as the difference between market and net income Gini. The model is estimated with country fixed effects; standard errors are robust with respect to within-country autocorrelation in the error term. 9 Table 5 is arranged so that the first results column represents results using the Ostry, Berg, and Tsangarides (2014) data (i.e. the Gini coefficients are from SWIID), the third column using WIID data, and column in between with use the Ostry, Berg, and Tsangarides (2014) data, but limit the sample to those observations that are included in the WIID sample.
As can be seen, net income inequality is associated with a higher level of absolute redistribution, as noted in the previous section. However, the caveat for endogeneity of market income inequality applies. Sample size decreases to one fourth as we move from SWIID to WIID data. Sample size for the second and third column do not equalize because SWIID data Ostry, Berg, and Tsangarides (2014) use do not have all the Gini observations there exist in WIID. Consequently, differences in results of the second and third column are due to that and the method Solt (2013) uses when estimating income inequality in SWIID. The main focus of the Ostry, Berg, and Tsangarides (2014) study is whether inequality and redistribution affect economic growth. They consider both inequality and redistribution as, for example, inequality may not impede growth while redistributive efforts do. They regress five-years average real GDP growth rate on market income inequality, redistribution, and other controls. The models are estimated for non-overlapping five-year periods starting from 1960. Investment is defined as investment share of GDP (in percentages), total education average years of primary and secondary schooling, political institutions Polity IV score, openness, i.e. the sum of exports and imports per GDP, and debt liabilities external debt per GDP. The terms of trade shock variable takes the value 1 when the change in the terms of trade is among three bottom decile groups. To address likely endogeneity of the right hand side variables, they estimate the models with System GMM. They use Windmeijer's small-sample correction for the point estimate variances.
The results are shown in Table 6 . Ostry, Berg, and Tsangarides (2014) estimate four models with differing number of regressors. To be able to assess extent to which differences in the estimation results are due to different data and different sample composition, the table is organized for each model as above.
As can be seen Ostry, Berg, and Tsangarides (2014) find that net income inequality is detrimental for growth whereas redistribution has not statistically significant effect the on growth. Other covariates affect on the growth in expected manner. 10 Table 6 Replication of Ostry et al. (2014) Estimations with WIID data lend support for their first model. However, models with increasing number of control variables, neither income inequality nor redistribution has anymore statistically significant effect on the growth. This may, however, be due to sample composition. Sample size drops, once again, drastically when we move from SWIID to WIID sample. As actual income inequality data is mainly available for developed countries, this tilts the sample composition towards the country group; around three fourths of the SWIID sample for the baseline model are from non-OECD countries, while only one third of the observations with WIID data are from non-OECD countries. Table 7 reports sample composition for Ostry, Berg, and Tsangarides (2014) Table 6 in which they estimate baseline model of Table 6 of this paper. Different SWIID samples are based on different inclusion criteria for different SWIID sample 11 .
Table 7
Number of five-years average redistribution observations with different Ostry et al. (2014) To explore more thoroughly this, we estimate models of Table 6 with SWIID data separately for OECD and non-OECD countries. Results are shown in Tables 8 and 9 . They confirm the suspicion. In OECD countries, neither net income inequality nor redistribution (except in the Baseline model) have a statistically significant effect on the growth. The results for the non-OECD countries, however, are more in line with Ostry, Berg, and Tsangarides (2014) results; income inequality is detrimental for the growth but redistribution has not statistically significant effect. So, the conclusion they make is subject to country sample.
Table 8
Ostry et al. (2014) Ostry, Berg, and Tsangarides (2014) use net income inequality as one of the growth determinants in their regression when you could think market income inequality better reflects underlying inequality. To check if the conclusions prevail with market income inequality data, we estimate models of Table  6 with market income inequality instead of net income inequality as regressor. Results with market income inequality data are very much in line with the results with net income inequality data 12 . As another variant we drop redistribution as a regressor to save observations with WIID data, which more than doubles the sample size. Results are in line with Table 6 . With SWIID sample unit increase in Gini coefficient is associated with 0.05 to 0.15 percentage points decrease in annual economic growth. However with WIID sample we find no statistically significant evidence of detrimental effect of income inequality on the growth.
Lastly we asses robustness of Ostry, Berg, and Tsangarides (2014) results on model specification. As can be seen in Table 6 , The Sargan test of over-identifying restrictions suggests that not all GMMstyle instrument variables are exogenous as assumed. Also, some of the Hansen test p-values are implausible good. According to Roodman (2009) , large instrument sets, which System GMM estimators are susceptible to, weaken the Hansen test.
The Arellano-Bond autocorrelation test suggest no autocorrelation in idiosyncratic disturbance. However, we check if using longer lags for the instrumental variables would help with the exogeneity. Based on the Sargan statistics it does not. Estimation results with the model yield less robust evidence for statistically significant effect of income inequality on the growth.
Number of instrumental variables in System GMM increases fast with panel length, especially if several lags are used as instrumental variable for given variable and time period. To limit this, we estimate model of Table 6 with SWIID data and only using first relevant lag for the instrument variables. The estimation results with the specification are very much in line with the original ones. As a final specification test we further simplify the estimated model by omitting possible endogeneity of the regressors and estimating the model with fixed effects estimation. Results are similar with Table 6 except that income inequality is no more statistically significant.
Conclusion
The paper had three main goals. First, we used the WIID data to describe the availability and the extent of redistribution in all countries in the world. Since one needs to know both before and after government intervention inequality levels, whereas for many countries only disposable income inequality or consumption inequality figures are available, information about inequality is surprisingly and regrettably sparse. This is the case especially for developing countries.
Second, we contributed to the empirical literature on the determinants of redistribution methodologically. Earlier, influential, analysis in the field has not paid attention to the problem that when inequality (the difference between market and net income inequality) is explained by the underlying market inequality, the regression is plagued by mechanical correlation between the left-hand side and right-hand side variables. We suggested a way to overcome this bias by a procedure that uses the coefficient from a regression of net inequality on market inequality to deduce the association between redistribution and market income inequality.
Third, we examined the robustness of recent work by Ostry, Berg, and Tsangarides (2014) who use the SWIID data to examine the impacts of redistribution on growth. The study may potentially suffer from weaknesses in the redistribution data, as it is to a large extent based on imputations. Using the arguably preferred WIID data set, which consists of real rather than imputed observations, and their empirical techniques implies that some of the results in their analysis change. Net income inequality does not affect growth negatively, but the insignificant relationship between redistribution and growth (in a model with control variables) remains. The latter finding is important in that the lack of statistical significance in the original Ostry, Berg, and Tsangarides (2014) analysis could have been a result of an attenuation bias created by measurement error. The findings of this paper can be interpreted as lending support to the ideas that there would not be an efficiency-equity tradeoff in a cross country setting, but one also needs to bear in mind that this result is based on a limited number of observations. Polity IV dataset.
Openness Share of exports plus imports per GDP.
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Debt liabilities External debt per GDP. Lane and MilesiFerretti (2007) Appendix B WIID data set manipulation As Ostry, Berg, and Tsangarides (2014) , we use five-year period averages inequality and redistribution measures. The welfare definition of the Gini index describes if the data is for market income, net income, or consumption Gini. There are several categories in the welfare definition. We define the Gini observation to describe net income Gini if welfare definition in WIID takes one of the values
• "Monetary Income, Disposable"
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